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Abstract 

Pancreatic cancer is one of the deadliest cancers, mostly di-
agnosed at late stages. Patients with pancreatic cysts are at 
higher risk of developing cancer and their surveillance can 
help to diagnose the disease in earlier stages. In this retro-
spective study we collected a corpus of 1064 records from 44 
patients at Indiana University Hospital from 1990 to 2012. A 
Natural Language Processing (NLP) system was developed 
and used to identify patients with pancreatic cysts. NegEx 
algorithm was used initially to identify the negation status of 
concepts that resulted in precision and recall of 98.9% and 
89% respectively. Stanford Dependency parser (SDP) was 
then used to improve the NegEx performance resulting in pre-
cision of 98.9% and recall of 95.7%. Features related to pan-
creatic cysts were also extracted from patient medical records
using regex and NegEx algorithm with 98.5% precision and 
97.43% recall. SDP improved the NegEx algorithm by in-
creasing the recall to 98.12%.
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Introduction  

Pancreatic cancer is the fourth leading cause of cancer death in 
the US [1] with estimated 44,920 new cases and 37,390 deaths
in 2012. It is the deadliest cancer with the overall five-year
survival rate of 4.4% and little improvement of survival over 
the past 30 years [2]. Despite advances in surgery, radiothera-
py and chemotherapy more than 90% of patients with pancre-
atic cancer die of chemo insensitive disease. Although there is 
no cure for pancreatic cancer, it can be prevented in patients 
with heredity predisposition to pancreatic cancer and patients 
with pre-cancerous pancreatic cysts [3]. Pancreatic cysts are 
present in an estimated 2-3% of the adult population. Pancre-
atic cysts have degrees of malignancy based upon their type 
and degree of dysplasia.  There are various types of pancreatic 
cysts which include pseudocysts, serous cystic neoplasms
(SCN), mucinous cystic neoplasms (MCN) and intraductal 
papillary mucinous neoplasms (IPMN). Only MCN and IPMN
may progress to invasive pancreatic adenocarcinoma [4]. Ac-
curate identification, surveillance and treatment of pancreatic 
cysts represents an opportunity to prevent pancreatic cancer.
Much information about pancreatic cysts can be found in free 
text format in various narrative medical reports including pa-
thology, cytopathology, radiology (MRI, CT, EUS) and physi-
cian’s clinical reports.  Once a cyst patient has been identified, 

patients’ symptoms (pancreatitis, diabetes, jaundice, etc.), 
radiology findings (mural nodules, main pancreatic duct dila-
tion, mass, etc.), pathology findings (Atypia), lab findings 
(Ha1c, Carcinogenic Antigen 19-9, etc.), and molecular data 
(KRas mutation) can be extracted which aid in determining a 
patient’s risk of cyst progression to cancer. In a series of pre-
vious works, we studied the treatment management of pancre-
atic cyst patients [3-7], and extraction of pancreatic cyst in-
formation from narrative reports using the REX (Regenstrief 
EXtraction Tool) [8]. In this paper we modified the cyst iden-
tification technique using Unstructured Information Manage-
ment Architecture (UIMA) pipeline and extended the cyst 
identification to feature extraction. REX uses a window of 
words before and after each concept to determine its negation 
status. We used NegEx algorithm [9], and improved it using 
Stanford dependency parser (SDP) [10].

Materials and Methods 

Data Set:

Regenstrief Institute database, which contains the Indiana 
University (IU) health medical records, was queried for any 
text reports that contain the terms ‘pancreas’ and ‘cyst’ some-
where in the report. From the patients with ‘pancreas’ and 
‘cyst’ in a text report, all of their text reports of any type were 
extracted. Then, 44 patients were selected at random forming 
a corpus with 1064 reports. The average number of reports per 
patient in our corpus is 23.64 with minimum of 1 and maxi-
mum of 221 report. Pancreatic cysts were present in 28 out of 
44 patients and absent in the remaining 16 patients’ records. 
The data set was randomly divided into two sets of train and 
test set, each containing 14 patients with pancreatic cyst and 8 
patients with no pancreatic cysts. The test set is composed of 
703 patient records, of which 509 belong to patients having
pancreatic cysts and the remaining 194 records to patients 
without diagnosis of pancreatic cysts. The train set is com-
posed of 316 patient records, of which 240 reports belong to 
patient having pancreatic cyst and the remaining 121 records
to patients without pancreatic cysts. 
Two pancreatic-cyst surgeon experts created the gold standard
data. The discrepancies between the two annotators were re-
solved by discussing the differences in annotation. Cohen’s 
kappa was used to measure the inter annotator agreement 
K=88% (11).

Methods:

UIMA was used as the framework for developing our text-
mining system. UIMA is a software architecture developed by 
IBM for the analysis of unstructured content that includes text, 
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audio or video data. It is openly available through the Apache 
software foundation [12]. UIMA is composed of processing 
units called analysis engine (AE) that analyze unstructured 
data and infers information from them. AEs are constructed 
from analysis logics called annotators. An AE may contain a 
single annotator (called primitive AE) or a combination of 
multiple primitive AEs and therefor contain multiple annota-
tors (called aggregate AE).   
Figure 1 shows the UIMA pipeline integrated to extract the 
information from medical reports. The input goes through a 
series of tasks depicted in each block. The input for every step 
is the output of its predecessor task. 

Figure 1: AEs used in the UIMA pipeline 

The initial input is a text file containing all the reports for all
the patients. Report separator AE in this pipeline separates 
each report. Each report has metadata information (medical 
record number (MRN), report id, report name, report date) and
a report body which is the note dictated by physicians. 
Metadata annotator AE extracts these metadata from each re-
port using regular expressions. Regular expression or regex is 
a pattern of characters matching specific strings of text. The 
next AE is the cTAKES sentence detector [13]. This is a 
UIMA wrapper around the openNLP sentence detector [14],
which was originally used during the first pass. Because sen-
tences were breaking on new lines, it was replaced with Ytex 
sentence detector. Ytex sentence detector is a modified ver-
sion of cTAKES to deal with breaking sentences on new lines
[15].
The cyst annotator AE extracts cyst concepts within each re-
port using regular expression. Table 1 shows each concept and 
the regular expression developed to extract it from the pa-
tients’ medical reports. Concepts that are used to identify pan-
creatic cysts in medical records were assembled by our medi-
cal team and additional keywords were added by searching 
through literature and Unified Medical Language System 
(UMLS) knowledge base [8]. The final sets of modifications 
were applied by analyzing the false positive and false negative 
results of the initial set of regular expressions that were ap-
plied to the training set. The same principles were applied in 
developing the feature extractor using regular expressions.
Our medical team assembled an initial list of features im-
portant in the surveillance of patients with pancreatic cyst and 
predictive of pancreatic cancer. Further modifications were
made based on review of literature and discussions on the re-
quired adjustments. Below is the list of features used to extract 
from the patient records. 

Physician clinical notes:

High Risk Features:
� Symptoms/signs/conditions: pancreatitis, diabetes, 

steatorrhea, diarrhea, jaundice, weight loss
� Social history: Smoking, obesity
� Family history: pancreatic cancer
� Age >60

Low Risk Features:
� Absence of high risk features

Laboratory Reports:

High risk Features:
� Carcinogenic Antigen (CA) 19-9 >37 ng/ml
� Alkaline phosphatase >125 U/L

� Ha1c> 5.9 ng/ml
� Amylase >161 U/L
� Lipase >51 U/L
� Bilirubin >1 mg/dL

Low Risk Features:
� Absence of high risk features 

Radiology Reports:

High risk Features:
� Mural Nodule(s)  

� Thick Septa(e) >2mm 

� Mass 

� Main pancreatic duct dilation >5 mm 
Low Risk Features 

� Absence of high risk features
Pathology Reports:

High risk Features:
� Moderate or High grade Atypia  

� KRas mutation  
� Loss of heterozygosity 

Low Risk Features 
� Absence of high risk features

Table 1 – Various cyst types and their associated regular ex-
pression patterns

Concept Regular Expression

Pancreatic 
Cyst

(?i)(pancreatic cyst(s)? | cyst(s)?(of| in)? 
the pancreas | pancreatic cystic)

Pancreatic 
pseudocyst (?i)(pseudo\s?cyst(s)?)

Mucinous Cyst

(?i)(mucinous cyst(ic | ts) neoplasm | mu-
cinous cystadenoma | intraductal papil-
lary mucinous | \b(mcn)\b | \b(mca)\b | 
\b(ipmn)|\b(ipmt)\b)

Serous Cyst (?i)(serous cyst(ic | s | adenoma) |
\b(sca)\b)

Retention Cyst (?i)(retention cyst(ic | s))

Cystic neuro-
endocrine tu-
mor

(?i)(cystic neuroendocrine tumor | cystic 
neuroendorine | neuroendocrine 
cyst(ic|ts)|islet cell cyst tumor|cystic islet 
cell tumor)

Cystic degen-
eration cancer

(?i)(cystic degeneration cancer | cystic 
degeneration | degeneration cyst(ic | s))

Duct ectasia (?i)(duct(al) ectasia | ectasia of the( pan-
creatic)? duct | ectasic duct)

Duct dilatation
(?i)(pancreatic duct(al) dilatation | dilata-
tion of the(pancreatic)? duct | dilat-
ed(pancreatic)? duct)

Once the concepts and features were extracted, the NegEx 
algorithm was used to find out if they are negated or not. Ne-
gation detection was used as  a method inside the cyst and 
feature annotator AEs.
The cyst annotator and feature extractor AEs are independent 
from each other and get the sentence and metadata related to 
concepts or features from proceeding AEs. The last annotator
(Database Writer) receives all the information extracted in the 
previous sections (MRN, Report ID, Report Name, Report 
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Date, Sentence, Concept, Features, Negation) and writes them 
to a database. 

Cyst Identification Scoring

There are multiple factors, which determine whether or not a
patient has a diagnosis of pancreatic cyst. As mentioned in the 
introduction section, there are various types of pancreatic 
cysts but not all are considered malignant. Additionally, pan-
creatic cysts can appear in various reports once or multiple 
times. Finally the date of diagnosis can span between 1999 
and 2012.
In order to account for all these elements, we have developed 
the following weighted cyst identification scoring based on 
pancreatic cyst type, report type, report date and frequency of 
the pancreatic cyst citation in every report.

� (�) = ����� 	
(�
)�() � �# �� 
�(�) � � 100� � �(�
) (1)

Where:

C: A cyst concept 
ct: A cyst type in which the cyst concept is a member of 
r(c): ranking factor for the cyst concept of c in the cyst type of 
ct.
# of c: total count for a cyst concept in the patient’s records.
w(ct): a weighted factor value for the report types.
t(ct): total frequency count for the cyst in all reports of pa-
tient’s longitudinal health record calculated using the follow-
ing formula (If N(ct) is zero, t(ct) is considered one, to avoid 
infinity.)

                        
(�
) = �(�)
�(�) + �(
) (2)

P(ct): number of cyst concepts that are affirmed.
N(ct): number of cyst concepts that are negated.
W(t): weighted factor for the report date.
The gold standard for pancreatic cyst identification is the pa-
thology report followed by the radiology report including CT, 
MRI and EUS. These types of reports are favored followed by 
other types of reports such as clinical notes. A weighted factor 
was assigned to the report types based on their priority. A re-
port conveying the date of the pancreatic cyst diagnosis is 
another important factor since our data extends over a period 
of 22 years. More recent diagnoses are favored higher in this 
formula. Finally, a higher term frequency of pancreatic cyst is 
considered if it has been mentioned often in the report.
NegEx and Stanford Dependency Parser 

In order to improve the accuracy of negation algorithm, we 
used the SDP. The SDP finds out how words are related to 
each other in a sentence. Dependency is a binary asymmetric 
relation that holds between a token (word) and its dependents
in a sentence.
The concept and the sentence containing it, are passed through 
the NegEx algorithm to identify the negation status of the con-
cept. If the concept is negated, SDP was used to double-check
the negation status. NegEx is a string-matching algorithm that 
looks for negation terms such as ‘No’, ‘No evidence of’, ‘Rule 
out’, etc., within the sentence containing the concept. Some-
times the negation terms do not refer to the concept in the sen-
tence but the NegEx algorithm identifies the concept as negat-
ed. For instance, consider the sentence: “The patient devel-
oped pseudocyst, which was drained by cyst gastrostomy and 
symptoms resolved.” Because of the negation term “re-
solved”, the NegEx algorithm will consider the identified con-
cept “pseudocyst” as negated while the term “resolved” is 
referring to the “symptoms” not the “pseudocyst”.

Figure 1 shows the above sentence’s dependency graph pro-
duced by GrammerScope [16]. In this sentence “pseduocyst”
is the extracted concept and “resolved” is the negation term.
As shown in figure 1, there is no relation between “resolved”
and “pseudocyst”, therefore the sentence is not negated.
Usually there is no direct relation between the concept and 
negation terms in SDP. For instance, consider the sentence:
“The pancreatic survey demonstrates no evidence for pseudo-
cystic or inflammatory changes.” When parsed through the
SDP an output shown in figure 2 is generated. In this example,
there are three levels of nested relations between the terms “no
evidence” and “pseudocystic” (see table 2). We construct a 
production chain of the form “no � evidence � changes �
pseudocyst”. After manual analysis of the number of sentenc-
es, we found that the appropriate level to search for the rela-
tion between a concept and negation terms is three. The nega-
tion analysis is based on the output from the SDP. If we do not 
find the relation between the negation term and the concept 
within the three levels, we consider that concept affirmed, else
it is considered negated. 

Figure 1- SDP for the sentence: “The patient developed pseu-
docyst, which was drained by cyst gastrostomy and symptoms 

resolved.”

Figure2- SDP for the sentence: ‘The pancreatic survey 
demonstrates no evidence for pseudocystic or inflammatory 

changes’

Exceptions in Handling SDP Dependencies

The production chain rule is not used in certain cases, for in-
stance, when the negation term is the root term in the SDP 
tree, every dependent word at the root will be considered as 
negated. If the concept term is found dependent on the root 
(the negation term in this case), the concept is considered ne-
gated, otherwise it is affirmed. In another case where we con-
sider the collapsed representation of SDP, if the preposition is 
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a negation term, the dependent words in the relation are con-
sidered negated. 
Table 2- Typed dependencies for the sentence: ‘The pancreat-

ic survey demonstrates no evidence for pseudocystic or in-
flammatory changes’

Chain 
order

Stanford 
Dependency

Token-Token 
index

Token-Token 
index

 det survey-3 The-1
amod survey-3 pancreatic-2
nsubj demonstrates-4 survey-3
root ROOT-0 demonstrates-4

1 -> det evidence-6 no-5
dobj demonstrates-4 evidence-6

3 -> amod changes-11 pseudocystic-8
cc pseudocystic-8 or-9

conj pseudocystic-8
inflammatory-
10

2 -> prep_for evidence-6 changes-11

Results 

The regular expression was applied to the test set that is com-
posed of 703 reports and the results were compared with the 
gold standard. Table 3 shows the number of affirmed (cyst 
exists) and negated (cyst does not exist) instances detected by 
the system and gold standard (manual annotation).

Table 3 –Comparison of gold standard and NLP system using 
NegEx algorithm

System Output Gold Standard 
Affirmed Negated

Affirmed TP=89 FP=1
Negated FN=11 TN=10

Based on the true positive, true negative, false positive, and 
false negative scores shown in table 3, the precision, recall and 
F- Mesaure obtained are 98.9%, 89% and 93.6% respectively.
The true negative rate is 90.9% and accuracy is 89.1%.
The results for SDP-NegEx based method for pancreatic cyst 
identification are given in table 4. The performance of SDP-
NegEx significantly improved the performance compared to
the NegEx algorithm alone. The number of false negatives 
dropped from 11 to 4 and therefore the recall, true negative 
rate, F-Measure, and accuracy has increased to 95.7%,
94.44%, 97.57% and 95.49% respectively. The precision 
stayed at 98.9% since the algorithm was not used if the con-
cept was affirmed by NegEx algorithm.

Table 4 –Comparison of gold standard and NLP system using 
NegEx algorithm and SDP

System Output Gold Standard 
Affirmed Negated 

Affiremd TP=89 FP=1
Negated FN=4 TN=17

We repeated the same procedure for feature extraction with 
and without the improvement over the NegEx algorithm. Ta-
ble 5 and 6 show the result of the system in comparison with 
the gold standard. 
Table 5 –Comparison of gold standard and NLP system using 

NegEx algorithm
System Output Gold Standard 

Affirmed Negated
Affirmed TP=1519 FP=23
Negated FN=40 TN=193

The precision and recall for the system with NegEx algorithm
is 98.5% and 97.43% respectively. The F-measure is 97.96%,
true negative rate is 89% and accuracy is 96.45%. The SDP-
NegEx based method improved the results by decreasing the
number of false negatives, from 40 to 29, and therefore in-
creasing the number of true negatives from 193 to 204. The
precision and recall based on table 6 are 98.5% and 98.12% 
respectively with an F-Measure of 98.31%. The accuracy is 
97.07% and true negative rate is 90%.

Table 6 –Comparison of gold standard and NLP system using 
NegEx algorithm and SDP

System Output Gold Standard 
Affirmed Negated

Affirmed TP=1519 FP=23
Negated FN=29 TN=204

Discussion 

Pancreatic cancer is a deadly cancer due in part because it is 
typically diagnosed in advance stages when there is no effec-
tive treatment. Early detection of pancreatic cancer is possible 
through surveillance of patients at risk. Patients with pancreat-
ic cysts or a hereditary predisposition to pancreatic cancer are 
considered to be at higher risk of developing cancer. In this
retrospective study, we used NLP to find patients with pancre-
atic cysts. We used regular expressions with the Negex algo-
rithm within a UIMA pipeline to identify cyst citation in vari-
ous report types. We improved the negation detection using 
SDP using a chain of nested dependency relations between the 
Negex terms and cyst concepts or features. Dependency parser 
based negation (DepNeg) detection has been already used in 
clinical narratives but did not improve the performance of 
NegEx algorithm significantly [17]. Our system differs with 
DepNeg in that it double checks the negation if the NegEx 
algorithm, finds out that the concept is negated, and will not 
run if the concept is affirmed. DepNeg uses manually con-
structed rules to find out when concepts are negated. We use a 
chain of nested dependency relations between the concept and 
negation terms identified by the NegEx algorithm, which sig-
nificantly improved our recall results.  
We also identified and extracted a list of data elements that are 
important in the assessment of stratification of pancreatic can-
cer risk in patients with pancreatic cyst from their medical 
records. In order to detect the negation status of these features, 
NegEx algorithm and our improved negation algorithm was 
used, improving the recall from 97.43% to 98.12%. 

Conclusion and Future Works

A new infrastructure has been created with a flexible architec-
ture based on the UIMA platform. The goal is to identify pa-
tients with pancreatic cyst and risk stratify them into two 
groups of low and high risk of pancreatic cancer in the follow-
ing modes of execution:
Surveillance
The processing pipeline will be used in a surveillance capaci-
ty. When collecting data in this manner, items such as notes 
and radiology reports could flow through the pipeline as they 
are added to the patient record in the Indiana Network for Pa-
tient Care (INPC) database. INPC was created by Investiga-
tors at the Regenstrief Institute in 1995 with the goal of 
providing clinical information at the point of care for the 
treatment of patients [18-19].. It is currently an operational
community-wide secure data exchange.
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Real-time

Real-time processing means that the NLP pipeline typically 
will process a small subset of documents within a limited 
scope (i.e., a single patient) to provide instant results. This 
mode of operation would typically be reserved for the Regen-
strief physician order entry system to provide information to a 
clinician during the patient encounter.

Batch
In a batch setting, targeted filters would be employed to search 
over the existing clinical data within the patient data reposito-
ry. This mode of operation is research focused to provide ret-
rospective analysis that can be executed in specific points in 
time. The infrastructure is being built to provide a self-service 
approach to allow the configuration of the UIMA pipeline and 
results ontology by the researcher.
The initial testing of the UIMA pipeline will be done using the 
batch mode of operation. The first phase will be run using a 
cohort of patients to examine performance and accuracy. The 
second phase will be run on patients that have had clinical 
encounters for the day in the IU Health System and run on a 
daily basis. The objective for this phase would be to determine 
candidates for follow up care and to provide results to the spe-
cialists for review. The final goal would be to attain a degree 
of accuracy and performance to provide real time alerting to a 
patient’s primary care provider during an encounter. The alert 
could be provided to the INPC via Docs4Docs (D4D) [20] or 
as an alert within a physician order entry system such as the 
Gopher currently in use at Wishard Hospital. D4D, which was 
implemented in 2004, is an innovative clinical messaging sys-
tem that currently delivers patient clinical information to over 
800 Indiana clinicians via web, fax or as HL7 messages di-
rected to EMR. Replacing the traditional delivery of laborato-
ry results such as courier or postal mail, D4D efficiently de-
livers aggregated clinical results to physicians regardless of 
where they practice through the INPC. Feedback from provid-
ers on D4D is standardized and will be employed. In addition, 
through D4D we will gather spontaneous feedback as well as 
formal feedback from providers regarding receipt, timeliness 
and accuracy of pancreatic cyst identification, stratification 
and screening/surveillance recommendation data.
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